PLS Evaluation of the Insecticidal Activity of Phenylazo, Pyrrole- and Dihydropyrrole-Fused Neonicotinoids by 鈴木 孝弘 et al.
PLS Evaluation of the Insecticidal Activity of
Phenylazo, Pyrrole- and Dihydropyrrole-Fused
Neonicotinoids
著者 鈴木 孝弘, Alina BORA, Simona FUNAR-TIMOFEI
journal or
publication title









　In the present study the insecticidal activity of a series of 24 phenylazo, pyrrole- and 
dihydropyrrole-fused neonicotinoids was investigated using the partial least squares 
(PLS) approach. pLC50 values were used to express the activity against the cowpea 
aphid (Aphis craccivora). The insecticide structures were modeled using the MMFF94s 
force field included in the Omega software. Minimum energy conformers were used to 
calculate structural parameters, using the Dragon software. A PLS model with two 
components was obtained with acceptable statistical quality (R2X(cum) = 0.830, R2Y(cum) 
= 0.791 and Q2(cum) = 0.749). Several internal and external criteria were checked to 
validate the model. The built PLS model is robust, with predictive power and can be 
used for the design of new insecticides, active against the cowpea aphids.
Keywords：Cowpea aphids, Neonicotinoids, PLS, Validation
₁. Introduction
　Since the introduction of imidacloprid in 1991 by Shinzo Kagabu (Kagabu, 2011), 
neonicotinoids became an important new class of insecticides, which act on the insect 
nicotinic acetylcholine receptor (nAChR). They are efficient since 50 years, being cheap 
and persistent, features which give them a long use in the future (Casida and Quistad, 
1998; Tomlin, 2009; Casida and Quistad, 2004). The neonicotinoids success is, however, 
being provoked by the rapid development of resistance (Nauen and Denholm, 2005) and 
severe bee toxicity (Henry et al., 2012; Cameron et al., 2011; Chen et al., 2015).
  Cross resistance problems, which appeared especially to the first generation of 
neuroactive insecticides, encouraged the search for new pesticides acting at different 
sites (Casida and Quistad, 1998). Synthetic nicotinoids (e.g. imidacloprid), active at the 
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nicotinic acetylcholine receptor (nAChR), were successfully employed with higher 
efficiency and safety to circumvent this inconvenience.
  There are essential differences between the nAChR of insects and mammals, which 
give outstanding toxic selectivity to the neonicotinoids (Elbert et al., 2008)). The 
differential selectivity between insects and mammals is conferred by only minor 
structural changes (e.g. imidacloprid is not protonated, but its electronegative nitroimine 
extreme end may bind to a lysine or arginine residue in a subsite of the insect nicotinic 
acetylcholine receptor) (Casida and Quistad, 2004). In addition, mammals have a second 
related enzyme, butyrylcholinesterase, abundant in blood plasma, which reacts with 
organosphophate and methylcarbamates toxic compounds and offers a protection not 
available to insects. In mammals, nicotine is protonated at physiological pH and suffers 
π-cation interaction with choline subsite of acethylcolinesterase nerve target for insect 
at a nAChR subsite. Binding subsite specificity plays a major role in selective toxicity 
for electronegative neonicotinoids in insects and protonated nicotinoids in mammals.
  A quantitative structure-insecticidal acivity was studied for 23 cyanoimine 
neonicotinoids active against American cockroaches (Kagabu et al., 2008). Variants of the 
key pharmacophore were constructed with the insecticide central ring conjugated to 
electron-withdrawing groups (e.g. NCN, CHNO2, or NNO 2 ) and used to relate the 
insecticide structure to its neuroblocking potency. Using multiple linear regression it 
was found that the Mulliken charge on the nitro oxygen atom or cyano nitrogen atom 
influenced the insecticidal activity. 
  A pharmacophore model for neonicotinoid agonists of the nicotinic acetylcholine 
receptors was developed (Li et al., 2008). It included a hydrogen bonding acceptor, a 
hydrogen-bond donor, a hydrophobic aliphatic and a hydrophobic aromatic centre.
  Comparative Molecular Field Analysis (CoMFA) was used to study the binding 
activity of chloronicotinyl insecticides to the nicotinic acetylcholine receptors (nAChR) 
of house flies (Okazawa et al., 2000). Steric interactions were found to be more 
significant for the acyclic than cyclic compounds and that the electrostatic property of 
the acyclic amino- and cyclic imdazolidine-moieties influenced their insecticidal activity.
  Nitromethylene compounds with insecticidal activity against house flies were studied 
using CoMFA. The nitroimino moiety and a portion of the imidazolidine ring were 
mainly surrounded by a sterically and electrostatically sensitive region of nAChR 
(Okazawa et al., 1998). Similar results were reported previously (Nakayama and 
Sukekawa, 1998). It was concluded that molecular similarity, expressed by electrostatic 
properties influenced the insecticidal activity, as well as superimposability, expressed 
by molecular shape. 
  Favorable influence of steric and H-bond acceptor over the insecticidal activity was 
obtained using CoMFA and comparative molecular similarity indices analysis (CoMSIA) 
methodology applied to imidacloprid analogues (Sun et al., 2006).
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  A preliminary computer-aided molecular docking study was performed to investigate 
the interaction between receptor and phenylazoneonicotinoids (Ye et al., 2011). π-π 
stacking interaction and hydrogen bond were found between the studied neonicotinoids 
and the crystal structures of acetylcholine receptor binding protein-imidacloprid.
  The purpose of this paper is to determine the structural features of a series of 24 
neonicotinoids (Ye et al., 2011; Ye et al., 2013) (Table 1 ), which influence the cowpea 
aphids. The quantitative relationship between chemical features and the insecticide 
activity was determined by means of the partial least squares (PLS) approach.
Table 1. The neonicotinoid structures, the experimental (pLC50exp) and predicted (pLC50 pred) insecticidal 
activity values obtained using the PLS model
No Structure pLC50exp pLC50pred No Structure pLC50exp pLC50pred
1 5.21 5.23 13 3.97 3.98
2 5.70 5.53 14* 4.43 4.91
3 5.80 5.36 15 5.37 5.61
4 5.71 5.20 16 5.30 5.45
5 5.11 5.11 17* 5.43 5.59
6 3.85 4.12 18 5.55 5.61
7 4.55 4.62 19 4.86 5.33
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8 4.52 4.68 20 5.00 5.21
9 4.41 4.61 21 5.46 5.04
10 4.35 4.01 22* 4.82 4.94
11* 3.96 4.00 23 4.93 4.98
12* 4.16 4.04 24 4.83 4.72
*Test compounds
₂. Methods
Definition of target property and molecular structures
A dataset of 24 neonicotinoid derivatives (Table 1 ) with insecticidal activity (LC50, in 
mmol/L, where LC50 represents the median lethal concentration of the chemical in air 
that kills 50% of the test animals during the observation period) against cowpea aphids 
was taken from the literature (Ye et al., 2011; Ye et al., 2013). The insecticidal activity 
against cowpea aphids (Aphis craccivora) activity data, expressed as pLC50 values was 
employed as dependent variable.
  The neonicotinoid structures were built using the MarvinSketch (MarvinSketch 
15.2.16.0, ChemAxon Ltd. http://chemaxon.com) package and were pre-optimized using 
the (MMFF94) molecular mechanics force field inside the Omega (Omega v.2.5.1.4, 
OpenEye Scientific Software, Santa Fe, NM. http://www.eyesopen.com) software 
(Hawkins et al., 2010; Hawkins and Nicholls, 2012). For conformer generation, the default 
parameters were employed excepting the maximum number of conformers per 
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compound set to 400. To avoid the presence of similarly shaped structures, any 
conformer having an RMSD fit outside 0.5 Å to another conformer was excluded. 
Then, 22 types of structural 0 D, 1 D, 2 D and 3 D molecular descriptors were 
calculated for the lowest energy structures using the DRAGON (Dragon Professional 
5.5, 2007, Talete S.R.L., Milano, Italy) and InstanJChem (Instant JChem (2012) version 
5.10.0, Chemaxon, http://www.chemaxon.com) software.
The Partial Least Squares (PLS) method
Projections to latent structures (PLS) represent a regression technique for modeling the 
relationship between projections of dependent factors and independent responses. In 
this approach data analysis features link a block (or a column) of response variables to a 
block of explanatory variables (Wold, 1985). The relationship between the dependent 
and independent variables is described as a latent variable method (Eriksson et al, 2004). 
The PLS approach leads to stable, correct and highly predictive models even for 
correlated descriptors (Höskuldsson, 1998). PLS calculations were performed by the 
SIMCA package (SIMCA P+12.0.0.0, May 20 2008, Umetrics, Sweeden, http://www.
umetrics.com/). The QSAR matrix (including the dependent and independent matrices) 
was analyzed in a first step by the principal component analysis (PCA) (Daszykowski et 
al., 2007), and subsequently by the partial least squares (PLS) approaches. The squared 
correlation regression coefficient R2, and the squared cross-validated correlation 
coefficient, Q2, are the most important statistical parameters that provide a measure of 
the quality and validity for the final PLS model, while the Variables Importance in the 
Projection (VIP) values and the sign of the variables’ coefficients are more relevant in 
explaining the activity mechanism. The significant principal components were selected 
by 7  cross-validation groups.
  The Y-randomization test is a widely used technique that indicates the robustness of 
a QSAR model and overfitting. The dependent variable (biological activity) is randomly 
shuffled and a QSAR model is built using the same descriptor matrix. The obtained PLS 
models (after 999 randomizations) must have the minimal r 2  and q 2  values (Pratim 
Roy et al., 2009).
Model validity
The dataset was divided into a random training set of 66.7% and a test set (no. 11, 12, 
14, 17, 22) of 33.3% of the total number of compounds. Several criteria for model 
predictivity were used: Q 2F 1  (Shi et al., 2001); Q
2
F 2  (Schüürmann et al, 2008); Q
2
F 3  
(Consonni et al., 2009) and the concordance correlation coefficient (CCC) (Chirico and 
Gramatica, 2011) (having the thresholds values higher than 0.85, as they have been 
rigorously determined by a simulation study (Chirico and Gramatica, 2012).
  In addition, the predictive parameter r 2m (Roy and Mitra, 2012) was used (a lowest 
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threshold value of 0.5 was used to be accepted).
  The model robustness and overfitting were checked using the Y-randomization test. 
999 randomizations were employed to develop PLS models with minimal r 2  and q 2  
values (Eriksson et al., 2001).
  The root-mean-square errors (RMSE) and the mean absolute error (MAE) of the 
training and validation sets were compared to check the model applicability and 
overfitting (Goodarzi et al., 2009).
₃. Results and discussion
　A statistical analysis of the phenylazo, pyrrole- and dihydropyrrole-fused 
neonicotinoids analogues was performed using the calculated variables. A PCA model 
was built for the whole X matrix (including N=24 compounds and X = 1478 descriptors). 
From the total of 5  significant principal components resulted from this analysis, the 
first three components already explained 69.1% of the information content of the 
descriptor matrix. A PLS model was built for the entire set of 24 compounds. The 
statistical results of the PLS model: R 2X (cum) = 0.709 R
2
Y (cum) = 0.933 and  Q
2 (cum) = 
0.597 obtained for four principal components demonstrated the model overfit (R 2X(cum) and 
R 2Y(cum) are the cumulative sum of squares of all the X and Y values). This inconvenience 
was overstepped by excluding the noise variables from this model (e.g. coefficient values 
insignificantly different from 0 ). Thus, a robust model, M 2  (N= 24 and X = 6 ) with 
two latent variables, which explains 83% of the information content of the descriptor 
matrix, with R 2Y (cum) = 0.791 and  Q
2 (cum) = 0.749  was obtained. Table 2  presents 
the descriptor coefficients and the VIP values included in the final PLS model.
Table 2.  The coefficients in descending order of VIP values for the two principal components of the 
final PLS model＊.
No Variable ID* CoefCS[ 2 ] VIP[ 2 ]
1 EEig03r 0.239 1.164
2 JGI 2 0.283 1.228
3 Mor11e 0.133 0.869
4 Mor11u 0.106 0.796
5 Mor13e 0.280 0.997
6 Rww 0.245 0.868
＊ Rww-reciprocal hyper-detour index (topological descriptor), EEig03r-Eigenvalue 03 from edge adj. 
matrix weighted by resonance integrals (edge adjacency index); JGI 2 -mean topological charge 
index of order 2  (topological charge index); Mor11u- 3 D-MoRSE - signal 11 / unweighted 
( 3 D-MoRSE descriptor); Mor11e- 3 D-MoRSE - signal 11 / weighted by atomic Sanderson 
electronegativities ( 3 D-MoRSE descriptor); Mor13e- 3 D-MoRSE - signal 13 / weighted by atomic 
Sanderson electronegativities ( 3 D-MoRSE descriptor)
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  The noise variables (with coefficient values insignificantly different from 0 ) were 
removed and the best resulted PLS model is robust and includes two principal 
components and 6  significant variables (Table 2 ). The coefficient and VIP plots are 
presented in Figure 1  and Figure 2, respectively.
  The Hotteling’s T 2  range plot (Figure 3 ) confirms the absence of leverage 
compounds and outliers.
  The internal validation parameters (tr-for the training and CV-crossvalidation): CCCtr = 
Fig. 1  Coefficient plot of the final PLS model.
Fig. 2. VIP plot for the final PLS model.
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0.884, CCCCV = 0.848, RMSEtr = 0.265, RMSECV = 0.292, MAEtr = 0.210, MAECV = 0.241 
confirm the stability of the PLS model.
  All selected variables in the final PLS model (Table 2 ) had VIP values greater than 
1  and were considered to be the most relevant for the model. The Y-randomization 
procedure was applied using the SIMCA-P+ 12.0 software (for the final PLS model). It 
gave the following intercept (PLS) values of the regression lines obtained by the 
correlation between the calculated R2, respectively Q 2  values of the original Y-variable 
and the shuffled Y-variable, respectively: 0.146 for the R 2Y line and -0.325 for the Q
2
Y line. 
Fig. 3. The Hotteling’s T 2  range plot of the final PLS model.
Fig. 4. Y-scrambling plot of the final PLS model.
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The slope values close to zero indicate a stable model (see Figure 4 ).
  The external validation parameters calculated for the test set: CCCext = 0.909,  RMSEext 
= 0.223, MAEext = 0.172, r
2
m = 0.718, Q
2
F 1  = 0.869, Q
2
F 2  = 0.791, Q
2
F 3  = 0.853 indicate the 
final PLS model has predictive power.
₄. Conclusion
　Quantitative structure activity relationships of a series of 24 neonicotinoid insecticides 
against the cowpea aphids (Aphis craccivora) was investigated using the partial least 
squares approach. Structure optimization modeling using the MMFF94s force field was 
used. Structural descriptors derived from the minimum energy structures were related 
to the insecticide activity. PLS models with good statistical results and predictive power 
were obtained. Higher topological, edge adjacency indices, 3 D-MoRSE descriptor values 
increase the insecticidal potency. The PLS model can be used for the prediction of new 
insecticides with high activity.
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フェニルアゾ、ピロール、ジヒドロピロール系ネオニコチノイド農薬の
PLSによる殺虫活性の検討
鈴 木 孝 弘,  Alina BORA , Simona FUNAR-TIMOFEI
　ネオニコチノイド系農薬は、昆虫の神経伝達物質アセチルコリンの受容体に結合し、神
経を興奮状態にして方向感覚を狂わせ、筋肉を収縮させて死に至らしめる効果がある。24
種類のフェニルアゾ、ピロール、ジヒドロピロール系の縮合環構造を有するネオニコチノ
イド農薬の分子構造からDragon記述子を求め、ササゲアブラムシ（Aphis craccivora）に
対する殺虫活性との定量的構造活性相関（QSAR）をPLSモデルにより検討した。その結
果、新規の農薬分子の設計に有用である予測性のある統計的に有意なPLS回帰分析モデル
を構築することができた。
